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Abstract

Analysis shows extensive signs of extensive frauds in the Russian 2016 Duma election. The

frequency and magnitude frauds are worse than in any Russian national election since 2000.



Because there was a Stalinist era it is an exaggeration to say that the Russian Duma
election in 2016 was the worst election ever in Russia, but it is no exaggeration to say the
2016 election had the most extensive and largest magnitudes of frauds since the 2000
presidential election. Many diagnostics can support that claim, but here we show only a
few results in support using methods in the Election Forensics Toolkit (Hicken and Mebane
2015; Mebane 2015), including the finite mixture likelihood model (Mebane 2016). We also
use results from a method developed by Rozenas (forthcoming).

In the September 2016 legislative (Duma) election Russians cast two ballots, one for a
party competing for seats determined nationally by proportional representation (PR) and
one for a candidate running for a single-member district (SMD) seat. A similar mixed
voting system had previously been used between 1993 and 2003. The State Duma consists
of 450 deputies elected for five-year terms. In 2016 half of the deputies were elected by PR
with 5% threshold and another half in plurality SMDs. The 2011 Duma elections were
marred by allegations of fraud (Enikolopov, Korovkin, Petrova, Sonin and Zakharov 2013)
and massive protests, but in 2016 authorities referred to the importance of genuine popular
support and clean elections. Since 2011 the electoral system was modified, the
parliamentary threshold was reduced from 7% to 5%, and independent candidates were
allowed to participate. Appointment of a new head of the Ella Pamfilova having a
reputation as a human rights advocate was aimed to build greater trust and credibility in
the upcoming elections (Roth 2016).

The legal framework remains complex restricting candidate registration, formation of
party blocks, campaigning, and electoral observation (OSCE 2016). New laws such as
anti-protest law, imposing heavy fines on organizers or participants of unsanctioned
demonstrations and anti-NGO laws,! serve as additional checks on the civil society

(Gregory 2016).

'Such laws include a “foreign agents” law—any NGO receiving foreign funding and engaged in “political
activity” is required to register as foreign agent— and the undesirable organizations law targeting foreign
organizations that are considered threatening to Russia’s national security.



In 2016 the Kremlin enacted a “voter demobilization” campaign aimed to discourage
critically-minded voters from participation by shifting elections to the fall when many
Russians are on vacation, harvesting crops or students are back to school. Many
discouraged voters chose to ignore or to boycott the election (Rezunkov 2016). The
Kremlin used administrative resources—the regional political machines—to mobilize its
own supporters and to provide overwhelming victory to the party of power.

Putin’s high approval ratings suggests that no special measures would have been needed,
but over the electoral campaign preelection polls reported a sharp decline in the United
Russia party’s ratings: from 40% in early 2016 to 31% by the end of August according to
Russia’s leading independent polling agency Levada Center (Sharkov 2016). Unfavorable
election polls for the party of power provoked a sharp reaction from Kremlin. Two weeks
before the election the justice ministry labeled Levada Center a “foreign agent”, making its
future uncertain and sending a strong signal to other Russian pollsters (Vladimirov 2016).

New legal limitations on domestic observers reduced election observation. For instance
at most two observers were allowed per party/candidate, all observers were assigned to a
specific precinct, and observers under the guise of media representatives (one of the
solutions used in the past to involve non-partisan observers—mnon-partisan citizen
observation doesn’t exist in Russia) were no longer allowed (Law 2016). Often traditional
observers were substituted by “phony” observers from organizations aligned with the state
apparatus.

The official turnout for 2016 elections of 48% was the lowest in the Russian recent
history (62% in 2011 and 59% in 2007). Out of 14 parties listed in the ballot only four
traditional Duma parties managed to surpass the 5% threshold: United Russia with 54.2%,
Communists (13.34%), LDPR. (13.14%) and Just Russia (6.22%). In SMDs with 4437
candidates participating, the major winner was United Russia, which gained the majority
of seats winning in 203 out of 206 districts it was running in, followed by the Communists

and Just Russia earning 7 seats each, LDPR (5 seats) and the remaining seats divided



between smaller parties and independents. In all 343 seats out of 450 seats, i.e. 76% of the
seats went to United Russia.

Were these elections clean? Observers report that unlike the previous 2011 election,
there were fewer cases related to vote rigging or conflicts between the observers and
election committees. While OSCE assessed the voting process as good in 97 percent of
observations, the counting process was worse: it was assessed by the observers as bad in 23
percent of the polling stations observed (OSCE 2016). In selected precincts the abuse with
administrative resources and illegal campaigning, ballot stuffing and carousel voting,
violation of the rights of observers, commission members and representatives of the media,
violation counting procedures, ghost voters in the registration lists, protocol tampering
were reported (Golos 2016). According to Golos ballot stuffing was reported in Moscow, St.
Petersburg, and many other regions including republics such as Chechnya, Bashkortostan,
Dagestan, Tatarstan. Those excessive figures for United Russia and turnout may reflect
both the extent of popular support for Kremlin policy, but more likely the strength of the
governors’ political machines to provide a favorable to Kremlin electoral outcome. As
always, Chechnya with its overwhelming level of support for United Russia 96% and
turnout 94% is a leading outlier (Fuller 2016).

Indirect evidence suggests pronounced election fraud. According toexit polls by
VCIOM (Russia’s leading polling agency closely aligned with the state), United Russia
should have received 44.5%—a ten percent discrepancy from the officially reported vote
share (Russian Public Opinion Research Center 2016).

Similar to the previous Russian elections, in 2016 the regional governors were
responsible for mobilizing their regional “political machines” to provide a favorable
electoral result and to signal their loyalty status to Kremlin (Kalinin 2016a). Governors
were interested in boosting the level of turnout to provide their respective regions with
more mandates in the lower chamber and they were incentivized to boost the United

Russia’s support to meet the Kremlin’s demand (Mebane and Kalinin 2010). Consequently



we expect ballot stuffing and protocol tampering. Election anomalies in turnout and in
United Russia’s vote shares serve as a basic “signaling” mechanism by which the governor
reports loyalty to the Center (Kalinin 20166; Kalinin and Mebane 2011).

Such signaling is apparent in Table 1, which for elections from 2000 through 2016
reports mean statistics for variables that indicate whether the last digit of the rounded
percentage of a count is zero or five (Hicken and Mebane 2015). Table 1 shows statistics for
the federal proportional representation (PR) vote in Duma elections and for the federal
vote in presidential elections. In every year the statistics for turnout differ significantly
from the values expected in the absence of frauds (such results are shown in red). The
statistics for United Russia vote proportions differ significantly only from 2004 on. The
simplest explanation why signaling expanded to vote proportions in 2004 is that only then
did the incentives to benefit Putin and United Russia with, potentially, nationwide scope
specifically begin. Before then only the governors’ interests in boosting turnout to increase

their regions’ mandates are apparent.

*** Table 1 about here ***

Figure 1 compares district-specific results between 2003 and 2016. The statistics are
significantly elevated for turnout in both elections, but in 2016 many more statistics are

elevated for the district winner’s vote proportions.

*** Figure 1 about here ***

Using a resampled kernel density method (Rozenas forthcoming) supports both the
general signaling interpretation (see also Rundlett and Svolik 2016) and the specific finding
of an increase in signaling behavior since 2004. As Figures 2-4 show, the percentage of
precincts with “fraudulent” election results increases from .06 percent in 2000 up to 1.12
percent in 2008, falling to .85 percent in 2016. In 2000 and in 2003 vote proportions occur

suspiciously often for relatively few vote proportion values (and few “signaling” values)



while in 2004 and in subsequent years there are many more distinct suspicious values. In
2016 too many of the vote shares received by United Russia in individual precincts are
greater than 50 percent and evenly divisible by five: too many are 55%, 65%, 70%, 75%,
80%, 85%, 90%, 95% or 100%.

K Figures 2, 3 and 4 about here ***

Estimates of the finite mixture “frauds” model (Mebane 2016; Klimek, Yegorov, Hanel
and Thurner 2012), using polling station observations,? support the idea that the 2016
election exhibits the most fraud since 2000, but they also suggest the manner in which
frauds are committed is stable over time.?> Point estimates fi, fe, Q, é, 7 and © are reported
in Table 2 and Figures 5 and 6 (Mebane 2016).* Table 2 shows that the probabilities of
frauds, fl and fe, are greater in the 2016 PR vote than in any previous national election
going back to 2000. In fact, ﬁ = .22 in 2016 PR is about twice as large as the next largest
fi value and fe =.022 in 2016 PR is about seven times as large as the next largest fe value.
Figure 5(a) shows that frauds estimates for the 2016 SMD votes are frequently large and

sometimes larger than the values estimated for the 2016 PR vote.
% Table 2 and Figures 5 and 6 about here ***

Despite the volatility in the probabilities of frauds, the mechanism used to effect the
fraudulent votes appears to be stable over time. Parameter o indicates whether vote

manufacturing or vote stealing predominate. If a = 1 then both processes are equally

2Data source information: Central Election Commission of the Russian Federation (2013).

31In every election shown in Table 2 the party in focus in the analysis is the party that received the most
votes nationally. For Figure 5 the candidate in focus in each district is the candidate with the most votes in
the district.

4f; and f, are respectively the probabilities that each precinct is affected by incremental or extreme frauds.
Smaller values of @ mean that larger fractions of votes are shifted from opposition to the leading candidate.
A higher value of § implies that incremental fraud garners a higher number of votes for the leading party.
7 and v are respectively the mean turnout proportion and mean proportion of votes for the leading party
in the absence of fraud. Table 2 also includes reports of the likelihood ratio test statistic for the hypothesis
that there are no frauds (i.e., that f; = f. = 0), along with the number of polling station observations for
each election.



affecting votes. If a < 1 then vote stealing is more important, and if & > 1 manufacturing
votes from nonvoters is more important (Mebane 2016, 8-9). & suggests that vote
manufacturing is the dominant fraud mechanism in every election since 2000.° Indeed, &
has the same values in many of the elections: & = 1.7 in 2004, 2007, 2008 and 2016

(& =1.81in 2011); & = 3.3 in 2000 and 2003 (& = 3.4 in 2012). In terms of «, at least, vote
manufacturing appears to operate at two different scales across elections. Despite the
limited variation in &, 0 varies more than & does, so the precise number of fraudulent votes
manufactured varies considerably across elections.

More votes are produced by frauds in 2016 than in previous Russian elections.
Estimates of the number of votes produced by incremental and extreme frauds (Mebane
2016, 13) show nearly two million fraudulent votes in the 2016 PR vote, amounting to 3.6%
of the recorded votes (Table 3). Both the number and percentage of fraudulent votes are
greater than in other elections going back to 2000. Figures 5(d,e) show that in the 2016
SMD votes the numbers and proportions of fraudulent votes are also frequently large.
Comparisons with Figures 6(d,e) show that many fewer votes were produced in particular

by extreme frauds in 2003 than in 2016.

*** Table 3 about here ***

To convey information about the geographic dispersion of frauds in the 2016 PR votes,
Figure 7 shows hotspots and Figure 8 shows local spatial clustering patterns of conditional
frauds probabilities fn and fei (Mebane 2016, 12-13). See Hicken and Mebane (2015,
13-14) and Mebane (2015, 8-12) for hotspot/clustering methods explanations and for color
legends.® Briefly, red dots are locations where geographic concentrations of relatively high

frauds probabilities occur.

K Figures 7 and 8 about here ***

°In Figure 5(b) usually & > 1 for the 2016 SMD votes. In Figure 6(b) @ > 1 in just more than half of
the districts for the 2003 SMD votes.

SHotspots and clusters are estimated using estimates of the probability that that each precincti =1,...,n
is a case of no fraud (fo;), incremental fraud (f;;) or extreme fraud (fe;) (Mebane 2016, 12).



We apply the Getis-Ord G; analysis of hotspots (Ord and Getis 1995) to measure
whether the mean of flz and fei values geographically close to observation ¢ differs from the
global mean. It seems that in both cases of extreme and incremental fraud high values (red
dots) are almost uniformly scattered across the Russian territory suggesting that anomalies
are clustered in many small localities across Russia (in the case of incremental frauds two
big clusters of anomalies draw our attention, these clusters are located in Altaiskii krai,
Republic Marii El and Amurskaya oblast’).

Figure 9 displays regional averages of frauds probabilities: brighter red color indicates
higher levels of election fraud. The figure suggests election fraud is much more frequent in
the south of Russia, especially, the republics of the North Caucasus, Russian regions
located on the south from Moscow, and Volga region republics such as Tatarstan and
Mordoviya. In addition to this several Siberian regions such as Yamalo-Nenets autonomous
district, Tyumenskaya Oblast’, Kemerovskaya Oblast’ and Tyva Republic expose elevated
levels of election fraud. Our findings with respect to geographical variation of fraud are

supported by data analysis performed by other scholars (see e.g. Kireev 2016).
K Figure 9 about here ***

Our findings suggest that from a comparative perspective the quality of the most recent
Duma elections seems be the worst out of all elections of the 2000s. The estimated
magnitude of election fraud and its spread across the country suggests that Russian
election anomalies are deeply embedded in both the regional and local levels. As the

Russian regime becomes more authoritarian, the quality of elections also suffers.
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Table 1: “Signaling” Digit Tests for National Votes

2000 2003 PR 2004 2007
Turnout
(0.218,0.223)  (0.214,0.22)  (0.233,0.239)  (0.225,0.23)
United Russia 0.202 0.202
(0.199,0.204) (0.199,0.204) (0.204,0.209) (0.207,0.212)
2008 2011 2012 2016 PR
Turnout

(0.229,0.235) (0.216,0.221) (0.218,0.223) (0.222,0.228)
United Russia
(0.202,0.207) (0.207,0.212) (0.207,0.212)  (0.205,0.21)

Note: the statistic is the mean of a variable indicating whether the last digit of the
rounded percentage of votes for the referent party or candidate at each polling station is
zero or five. Values in parentheses are nonparametric bootstrap confidence intervals.

Table 2: Finite Mixture Model Parameter Estimates for Russian Elections

~

Election f; fe a 6 7 b LR n
2000 President .033  .000032 3.3 .71 .71 .54 22286 91,306
2003 Duma PR .16 0033 3.3 27 .58 .36 106,850 95,077
2004 President .049  .000087 1.7 .44 .69 .72 20290 95,424
2007 Duma 040  .00016 1.7 .53 .67 .66 18694 95,802
2008 President .013 .0000017 1.7 .53 .76 .70 586 96,242
2011 Duma 12 0032 1.8 .36 .61 .48 69244 95,166
2012 President .084 0020 34 35 .65 .65 55352 95413
2016 Duma PR .22 022 1.7 27 48 49 233724 94,987

Note: LR is the likelihood ratio test statistic for the hypothesis that there are no frauds
(i.e., that fi = fo = 0). n is the number of polling station observations.



Table 3: Estimated Fraudulent Vote Counts and Proportions for Russian Elections

Election M; M, Di De Pi + De
2000 President 135,061 1,452 .00187  .0000202 .00190
2003 Duma PR 256,759 185,278 .00430 .00311 .00741
2004 President 203,955 4,951 .00297  .0000721 .00304
2007 Duma 270,490 11,914 .00395 .000174 .00413
2008 President 84,933 113 .00116 .00000155 .00116
2011 Duma 680,082 260,254  .0105 .00403  .0146
2012 President 292,339 189,912 .00413 .00268 .00681
2016 Duma PR 739,005 1,080,856  .0145 0212 .0356

Note: M;, M, are estimated numbers of votes produced by incremental and extreme frauds;
pi, Pe are fraudulent vote counts as proportions of the recorded votes.



Figure 1: “Signaling” Tests by District, Russia 2003 and 2016 SMD Votes
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Figure 2: “Spikes” Tests for Vote Proportions, 2000-2003
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the upper envelope of the kernel density of the resampled data (Rozenas forthcoming).



Figure 3: “Spikes” Tests for Vote Proportions, 2004-2012
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Figure 4: “Spikes” Tests for Vote Proportions, 2016
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Figure 5: Finite Mixture Model Estimates, Russia 2016 SMD

(a) probabilities (b) log(alpha) (c) means
o
- o - —_ —
1
-1 ) |1
°© § NI c | T - \
4 Lo
° ! 1
o 3 © _| : ! 1
Sq T - . ° '
| 1
— [ : <
o : o - ! © T 1
— 1 —_ :
o PR — ~ T
i ' . s -
4
o —+ o l
o 4 — — =4
o T T e T T T
fl fE theta tau nu
(d) counts (e) proportions
o
S 3
ﬁ Uﬁ) ] ]
i S
o ° °
S . S '
3 ! c : s
° o H -4+
4 g ! |
8 ' 8 4 . -+ !
1 o
8 | : ° i E :
fre) | -
| —
o 4 ——— 8 | E g o
© T

T T
meanl meanE pl pE plE

Note: distribution of district-specific estimates over 225 districts; (a) fi, for (b) log(
97 727 ﬁ; (d) Mh Me; (e> Di; Pe; Pi T De-



Figure 6: Finite Mixture Model Estimates, Russia 2003 SMD
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Figure 7: Frauds Conditional Probability Hotspots, 2016
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Note: polling station fraud probability hotspot analysis using Getis-Ord G; (Mebane 2015,
8-12). Red colors show areas where local average scores are significantly above the overall
average. Blue colors show areas where local average scores are significantly below the
overall average. Gray indicates polling station locations that do not differ significantly from
average. Significance levels refer to tests adjusted for the false discovery rate (Benjamini
and Hochberg 1995).



Figure 8: Frauds Conditional Probability Clusters and Outliers, 2016
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Note: polling station fraud probability hotspot analysis using local Moran’s I; (Mebane
2015, 8-12). Red, high value among high values; blue, low value among low values; green,
low value among high values; orange, high value among low values. Gray indicates polling
station locations that do not differ significantly from average. Significance levels refer to
tests adjusted for the false discovery rate (Benjamini and Hochberg 1995).



Figure 9: Frauds Conditional Probability Region Averages, 2016
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